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A statistical description of the error on wind power
forecasts for probabilistic reserve sizing
Kenneth Bruninx and Erik Delarue
Abstract—As the share of wind power in the electricity system
rises, the limited predictability of wind power generation becomes
increasingly critical for operating a power system reliably. In
most operational & economic models, the wind power forecast
error (WPFE) is often assumed to follow a Gaussian or so-
called β-distribution. However, these distributions might not be
suited to fully describe the skewed and heavy-tailed character
of WPFE data. In this paper, the Le´vy α-stable distribution is
proposed as an improved description of the WPFE. The method
presented allows to quantify the probability of a certain error,
given a certain wind power forecast. Based on recent historical
wind power data, the feasibility of the Le´vy α-stable distribution
as a WPFE description is demonstrated. The added value of
this improved statistical model of the WPFE is illustrated in
a state-of-the-art probabilistic reserve sizing method. Results
show that this new statistical description of the WPFE can hold
important information for short term economic & operational
(reliability) studies for power systems with a significant wind
power penetration.
Index Terms—Le´vy α-stable distribution, Statistical analysis,
Wind power, Wind power forecast error, Reserves, Probabilistic
reserve sizing
I. INTRODUCTION
AS the penetration of intermittent renewables in the gridrises, new operational and regulatory challenges emerge.
One of the most mature renewable energy technologies is wind
power. In this case, the variability and unpredictability of the
wind power generation are two critical aspects in operating
a reliable electricity system that need to be addressed [1]. In
this paper, the focus is on the statistical, distribution-based
description of the error on wind power forecasts.
Various forecasting methods are being used and developed,
ranging from basic persistence methods to complex statistical
and physical models based on weather predictions [2]. None of
these forecasting methods can generate a perfect wind power
forecast (WPF). The error on a WPF has various sources:
errors on the wind prediction, local effects due to the terrain,
non-uniformity of the wind in a wind park, non-linearity in the
dynamics of wind turbines, unplanned outages etc. [3], [4].
The operational & economic impact of the uncertainty on
WPFs in the planning of electricity generation has been studied
extensively (e.g. [5]–[10]). A key element in all these studies
is the probability density function (pdf) that is assumed for the
wind power forecast error (WPFE). As the shape of the WPFE
pdf is dependent on the forecast horizon and method, a proper
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definition for this pdf is hard to find. Up to today, mainly the
Gaussian distribution [4], [5] and the so-called β-distribution
(see Section III-B) [9], [10] have been employed to describe
the WPFE. Other distributions have been examined as well,
such as the Cauchy distribution [11], the γ-distribution [12]
and the Weibull distribution [13]. The analysis presented by
Bludszuweit et al. [10] shows that the Gaussian distribution
cannot describe the heavy-tailed character of the WPFE, an
observation confirmed by Hodge et al. [11]. Bludszuweit et al.
note that in some cases, the β-distribution is not sufficiently
heavy-tailed to model the leptokurtosis1 of the WPFE data,
leading to an underestimation of the frequency of the largest
errors.
In this paper, the Le´vy α-stable distribution is proposed as a
well-suited statistical model to describe the heavy-tailed char-
acter of the WPFE data. These tails hold important information
in reliability studies, as illustrated below. In an approach
similar to that of Bludszuweit et al. [10], the method presented
permits the quantification of the probability of a certain error
 given a certain wind power forecast p∗. The improved
performance of the Le´vy α-stable distribution compared to
that of the Gaussian and β-distribution is demonstrated. The
Cauchy (a special case of the Le´vy α-stable distribution), the
γ-distribution (not general enough to capture the range of
skewness and kurtosis values in WPFE data) and the Weibull-
distribution (often used to describe wind speed data) are not
further studied. For a detailed discussion on the performance
of the Le´vy α-stable distribution in this context, the reader is
referred to [14]. The importance of this improved statistical
description of the wind power forecast error is illustrated in a
probabilistic reserve sizing methodology [12], [15]–[17], for
which a detailed description of the tails of the WPFE data is
essential. These state-of-the art reserve sizing strategies show
substantial potential for reserve capacity and cost reduction
compared to the current static reserve strategies, as they are
dependent on the level of uncertainty present in the power sys-
tem [15]. Transmission system operators (TSOs) are currently
studying the implementation of such probabilistic reserve
calculation methods [15], [18]. For a detailed discussion on
the sizing and allocation of operational reserves in light of
increasing wind power penetration levels, see [19].
Throughout the analysis presented in this paper, a system
perspective (aggregated wind farms in for example the control
zone of a TSO or the portfolio of a power producer) has been
1The kurtosis is a measure for the peakedness or tail weight of a distribution.
It is the fourth standardized moment. Excess kurtosis is the fouth standardized
moment minus the kurtosis of the Guassian distribution (3). Leptokurtic
distributions are heavy-tailed compared to the Gaussian distribution (kurtosis
> 3, excess kurtosis > 0).
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Fig. 1. The effect of the four parameters in the Le´vy α-stable distribution. In each figure, one parameter is varied, while the others are kept constant. From
left to right, top to bottom: the effect of α, β, γ and δ in the stable distribution.
adopted, albeit the analysis can be done for a single wind
farm or turbine as well. The focus is on short term forecasts
(forecast horizon up to 24 hours). The effect of the temporal
(e.g. the forecast horizon [15]) and spatial resolution of the
data (e.g. spatial smoothing [4], [20]) has not been studied.
In the next section, the Le´vy α-stable distribution is intro-
duced. Second, the proposed methodology for the development
of a statistical WPFE model is presented. Third, the feasibility
of the stable distribution as a description of the WPFE is
demonstrated. Fourth, the added value of our work in a
probabilistic reserve sizing method is demonstrated. Last,
we formulate a conclusion and list some topics for further
research.
II. THE LE´VY α-STABLE DISTRIBUTION
This section gives a brief overview of basic properties
of the Le´vy α-stable distribution. The effect of the various
parameters of the distribution is illustrated (Fig. 1). It is not the
goal to provide a full overview of the properties of the stable
distributions. For this, the reader is referred to the specialized
literature, such as (amongst others) Nolan [21]–[23], Zolotarev
[24], Uchaikin and Zolotarev [25] and Samoradnitsky and
Taqqu [26]. For the implementation of the stable distribution
probability density function in MATLAB R©, see Nolan [21].
The pdf and cumulative probability density function (cdf) of
a Le´vy α-stable distribution cannot be expressed in analytical
form. The characteristic function φ(u) of a random stable
variable X with cumulative distribution function F(x) can be
parametrized and is most often written as in Samorodnitsky
and Taqqu [23], [26] :
φ(u) = E [exp(iuX)] =
∫ ∞
−∞
exp(iux)dF (x) = (1){
exp
(−γα|u|α[1− iβ − tan(piα2 ) · sign(u)] + iδu) α 6= 1
exp
(−γ|u|[1 + iβ − 2pi · sign(u) · ln|u|] + iδu) α = 1
The parameters of this family of distributions S(α, β, γ, δ) are:
α index of stability (0 < α ≤ 2)
β a skewness parameter (−1 ≤ β ≤ 1)
γ a scale parameter (γ > 0)
δ a location parameter (δ ∈ <)
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The effect of the various parameters is visualized in Fig.
12. The index of stability α determines the total probability
contained in the tails, thus the kurtosis, of the distribution.
The probability in the tails is inversely proportional to α. A
positive skewness parameter β yields a distribution skewed to
the right. The degree of skewness is larger as β rises. Similar
reasoning applies to negative β-values. The third parameter
γ defines the scale of the distribution and is linked to the
variance σ2 for α = 2. The location parameter δ coincides
with the mean of the distribution for α ≥ 1. For α < 1, the
mean of the distribution is not defined3.
The Gaussian (N(µ, σ2)→ S(2, β, 2−0.5 ·σ, µ)), the Cauchy
(scale γ and location δ: C(δ, γ) → S(1, 0, γ, δ)) and Le´vy
distribution (scale γ and location δ: L(δ, γ)→ S(0.5, 1, γ, δ))
are all stable distributions that can be described via the
parametrization above. Only in these cases, the probability
density function can be expressed analytically.
This lack of closed form density functions complicates
statistical inference for stable distributions, such as parame-
ter estimation. Multiple methods have been developed [27].
The sample quantile method by McCulloch [28]4, a robust
approach for α ≥ 0.6, has been used in this paper; see section
III.
In this paper, the stable distribution is proposed as a new
description of the wind power forecast error. This proposal is
motivated by the heavy tailed character of WPFE data [10],
[11]) – a characteristic that cannot be described through a
normal distribution or β-distribution [10], as will be illustrated
in Section IV.
III. METHODOLOGY: FITTING THE DISTRIBUTIONS TO THE
WPFE DATA
As the behavior of the WPFE is highly dependent on the
forecast, we focus on the joint distribution of the WPFE 
and the forecast p∗, further denoted by f(, p∗). This joint
distribution can be studied indirectly by focusing on the
conditional (here: the observations given the forecasts f(|p∗))
and the marginal (here: the observations f(p∗)) distributions.
The distribution of the WPFE can hereby be approximated
as f(, p∗) ≈ f(p∗) · f(|p∗). This approach is known as the
Murphy-Winkler verification framework [31].
The methodology employed in this paper consists of three
main steps. First, the conditional WPFE is calculated. In
a second step, the parameters of the various distributions
are obtained. Last, the unconditional WPFE pdf ftot() is
assembled.
2In this paper, the domain of the Le´vy α-stable distribution is limited to
−10 ≤ x ≤ 10 for Fig. 1 or −p∗ ≤  ≤ 1− p∗ for the WPFE, with p∗ the
wind power forecast. The pdf is normalized such that the integral of the pdf
equals 1 on the supported domain.
3This can be generalized as follows: the pth moment of a stable random
variable is finite if and only if p ≤ α [27]. Thus, for α < 1, the first moment
(mean) is not finite. For 1 ≤ α < 2 the mean is finite, but the second moment
(variance) is infinite. The variance is finite if and only if α = 2.
4As shown by Weron [29], large datasets (O(106) samples) are needed
to adequately estimate the tail index, especially when the actual tail index is
close to 2. Some estimators, such as the log-log regression method or the Hill
estimator, may lead to gross overestimations of the tail index. The McCulloch
approach [30] is more robust and will not yield values greater than 2. Results
should however still be regarded as estimates and interpreted with caution.
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Fig. 2. Conceptual illustration of the calculation of the conditional error. The
normalized forecasted and measured wind power for the 1st of January 2012
in Belgium are shown [18]. If the chosen power bin width w is 0.25 p.u., the
data will be sorted in four power bins, based on the value of the forecast p∗j .
This is illustrated for the 45th time step: as the forecasted wind power p∗45
lies within the second power bin, the error 2,45 is sorted in this power bin.
A. Step 1: calculating the conditional error
To obtain an empirical distribution for the WPFE, a similar
methodology as in [10] is employed. First, the measured and
forecasted wind power time series are sorted into power classes
or bins (index i, set I) with a certain width ω according to
their forecasted value p∗. Then, the WPFE is calculated on
each time step (index j, set J). The normalized conditional
prediction error i,j is defined as the difference between the
measured and the forecasted wind power:
i,j = pj − p∗j ↔ lli ≤ p∗j < uli (2)
In this equation, p∗j is the wind power forecast that belongs to
power bin i (lower limit lli and upper limit uli) on time step
j and similarly, pj is the measured wind power. With these
WPFE data series (one per power bin), the histogram of the
error i,j can be obtained for each forecast bin i. The resolution
of this histogram (width of the intervals) is chosen equal to
that of the WPF. This approach is conceptually illustrated in
Fig. 2.
B. Step 2: obtaining estimates of the distributions parameters
The Gaussian, β and Le´vy α-stable distributions are used
to describe the WPFE. The parameters of the distributions,
which will serve as starting values for the optimization in Step
3 below, are estimated as follows:
a) The Gaussian distribution N(µi, σi): The mean µi
and the standard deviation σi are calculated directly from the
data sample.
b) The β-distribution B(a, b, pi, qi): The β-distribution
according to Johnson [32] is characterized by four parameters.
This distribution yields non-zero values on the interval [a, b],
here fixed on [−p∗, 1 − p∗]. The parameters pi and qi are
restricted to positive values. The mean µi and the variance σ2i
of the data are related to the pi and qi-shape parameters of the
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β-distribution via the method-of-moments [32]:
pi =
(1− µi) · µ2i
σ2i
− µi qi = 1− µi
µi
· pi (3)
c) The Le´vy α-stable distribution: The parameters of
the stable distribution are estimated via the quantile approach
by McCulloch5 [28], the equivalent Gaussian and Cauchy
distribution. In the latter case, γi has been chosen arbitrary
equal to one while the location parameter δi has been set to
the position of the maximum in the empirical histogram.
C. Step 3: least-squares fit
The estimates of the parameters of all distributions are
refined for each power bin via a least-squares fitting method,
applied to the pdf. The supported domain of each distribution
is limited to the possible range of non-zero error values
[−p∗, 1 − p∗] with p∗ the wind power forecast (Fig. 2). The
pdf is normalized such that the integral of the pdf equals 1 on
the supported domain.
D. Step 4: assembling the probability density function
To obtain an unconditional pdf for the WPFE, the pdfs of
each bin fi(i) are combined via the empirical probability that
a wind power forecast will be an element of that bin femp(p∗i ):
ftot(|a1, . . . , ak) =
m∑
i=1
femp(p
∗
i ) · fi(i|a1i , . . . , aki ) (4)
where m is the number of bins defined, k is the number of
parameters in the chosen distribution fi(i) and femp(p∗i ) the
empirical distribution of the forecasts over the power bins.
E. Step 5: Calculating the reserves per power bin
Upward and downward reserves are calculated per forecast
power bin, based on the fitted cumulative probability density
function. The reserves are sized to cover a certain percentage
– i.e. a certain cumulative probability – of the WPFE. This
percentage will be referred to as the design reliability or DR
of the power system. The cumulative probability of errors that
are not covered by the reserves is equally distributed over the
upward and downward reserves. For each forecast power bin i,
upward rupi and downward r
down
i reserves are thus determined
as the smallest amounts of reserves that satisfy the following
inequalities
Fi(r
up
i ) ≤
DR
2
(5)
Fi(r
down
i ) ≥ 1−
DR
2
(6)
with Fi() the cdf of the forecast error  for power bin i,
as illustrated in Fig. 3. Note that we here postulate a design
reliability, equal for each power bin, without regard for the
cost of ensuring that reliability. Ideally, a reserve calculation
method should balance cost of providing these reserves and the
5This approach is only robust for α ≥ 0.6. As will be shown in Section
IV-B and more elaborately in [14], the values of α are in this case well above
this treshold.
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Fig. 3. Conceptual example of the calculation of the required reserves for
a power bin i. Given the design reliability DR and the cdf of the WPFE in
power bin i, the upward rupi and downward reserves r
down
i can be calculated.
pursued reliability [19]. Furthermore, it is implicitly assumed
the only uncertainty in the system stems from wind power
forecasts. In reality, reserves are designed to cope with various
sources of uncertainty, such as imperfect demand forecast,
forced generator outages etc. However, the proposed method-
ology could easily be extended to incorporate multiple sources
of uncertainty. One could study, via the presented framework,
the relevant sources of uncertainty and calculate the overall pdf
through a convolution of the individual pdfs6. Alternatively,
one could apply the presented methodology to the net-load
forecast error. For sake of simplicity, we have postulated a
(range for the) design reliability, equal for each power bin,
which allows us to illustrate the importance of an adequate
representation of the tails of the WPFE distribution.
IV. RESULTS AND DISCUSSION
Wind power data for 2012-2013 was taken from the Belgian
TSO Elia N.V. [33], [34]7. Based on these time series, we
constructed the historical, normalized WPFE. This data is used
to demonstrate the higher accuracy of the WPFE description
based on the stable distribution, especially in capturing the tail
behavior, compared to descriptions based on the Gaussian &
β-distribution. The relevance of this improved statistical model
is demonstrated in a probabilistic reserve sizing method. In the
analysis below, the power bin width has been chosen equal to
0.025 p.u., resulting in 40 power bins.
A. Statistical analysis of the WPFE data
The Normalized Root Mean Square Error (NRMSE) of the
WPFE time series varies between 0.0212 and 0.1242 p.u. The
6This approach is valid if the sources of uncertainty are statistically
independent.
7The Belgian TSO Elia publishes forecasted wind power levels and actual
production levels with a temporal resolution of 15 minutes online as of January
2012. The forecasts are generated via a hybrid model, combining statistical
algorithms, numerical weather prediction models and physical models of the
wind turbines. Forecasts are published at 11 a.m. for the next day. The
installed, monitored capacity varies from 930.65 MW to 1332.4 MW.
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Fig. 4. The majority of the observed values of (squared) skewness and
kurtosis in the WPFE data are situated well out of the feasible area of the
Gaussian (kurtosis 3, skewness 0) and β-distribution (grey area).
high values for the NRMSE in certain power bins should
be interpreted with caution, as these power bins contain few
data points – a remark that holds for the remainder of this
case study. The bias varies from -0.0388 to 0.0448 p.u. over
the power bins. The average bias amounts to 0.0034 p.u.
The average standard deviation equals 0.0833 p.u. and varies
between 0.0194 and 0.1193 p.u. Note that the non-zero bias
implies that the zero-bias assumption in, amongst others, [5]–
[8] thus does not hold. The skewness, as a measure for the
asymmetry of the data, exhibits positive values in the lower
power bins and negative values in the higher power bins, in line
with our expectations. The skewness varies between -3.5648
and 0.9068. The kurtosis, as a measure of the peakedness
of the distribution, varies here between 2.6257 and 16.5707.
The average kurtosis amounts to 4.5131. These values are in
line with the literature [10], [11] and confirm the reported
leptokurtic character of WPFE data. From Fig. 4, showing
the possible values for the kurtosis and skewness of the β-
distribution and the observed values in the WPFE time series,
it is clear that the β-distribution does not allow to capture
all the asymmetry and peakedness of the WPFE data. The
majority of the power bins are characterized by kurtosis values
above the feasible range of the β-distribution.
B. Statistical description of the WPFE via a stable distribution
The adequacy of the stable distribution is compared against
the performance of the normal and the β-distribution. An
example of the fitted distributions is displayed in Fig. 5 for
the 11th power bin. The data in this power bin is asymmetric
(skewness: 0.1420) and leptokurtic (kurtosis: 3.5469). The β
and Gaussian fit do not allow for this behavior, while the stable
distribution does (Fig. 5).
With similar results in the other power bins, the overall pdf
and cdf can be constructed (Fig. 6). Note that only the stable
distribution captures the heavy-tailed character of the WPFE
data. This is most evident for the left tail of the distribution.
The Gaussian and β distribution underestimate the probability
of large negative errors. The pp-plot and qq-plot confirm this
observation. The qq-plot, a plot of the empirical percentiles
of the WPFE data versus the percentiles of the proposed
distribution, shows that the tails of the distributions, i.e. the
low and high percentiles, are not adequately captured by the
Gaussian and β-distribution. Except in the 99th percentile, the
stable distribution captures the behavior of the WPFE data, as
the theoretical and empirical quantiles are in line.
The optimized tail index α varies between 1.012 and 2,
with an average value of 1.638 (heavy tailed data). The
confidence intervals of the estimated tail index are on average
0.2 wide (+0.1,−0.1), confirming the heavy-tailed character of
the underlying distributions. The trend of decreasing skewness
with rising power bin number observed in the data can also be
found in the values of the optimized skewness parameter β.
The location parameter δ exhibits the same behavior as the bias
of the WPFE data: low power bin numbers show a positive
bias, while higher power bin numbers are characterized by
a negative bias. The scale parameter (γ) is situated between
0.021 - 0.066 and has an average value of 0.051. The stable
distribution tends towards a normal distribution (α → 2, γ
→ 2−0.5 · σ, δ → µ) in 7 power bins. The kurtosis and
skewness values of the data in these power bins are comparable
to the skewness (0) and kurtosis (3) of the normal distribution,
explaining these results.
In conclusion, the stable distribution provides us with an
adequate statistical description of the WPFE data, for each
power bin and for the overall pdf/cdf. It is capable of capturing
the heavy tails of the WPFE data, which can hold important in-
formation for short term power system reliability, as illustrated
in a probabilistic reserve sizing method in the next section.
C. Probabilistic reserve sizing & reliability
Based on the fitted distributions and Eq. (5) and (6), we
can calculate the required amount of upward and downward
reserves to ensure a certain design reliability level (DR) per
power bin. For the stable distribution and DR levels from 50%
to 99.9%, the result of this calculation is shown in Fig. 7. As
expected, higher reliability levels require more reserves. Note
that high reliability levels could be attained without scheduling
reserves for the full wind power capacity8 (dotted lines in
Fig 7). Furthermore, there are large differences between the
required reserves for forecasts in the different power bins,
especially for high reliability levels. Partially, this can be
explained by the non-linearity of the wind power curve [3],
which can cause small errors on the forecasted wind speed
to result in large errors on the forecasted wind power. For
example, the high levels of upward reserves for high forecast
levels (power bins 27 and higher) may result from wind speed
forecasts close to the cut-out speed9 of the wind turbines. If the
actual wind speed is slightly higher than the cut-out speed of
certain wind turbines, this results in a large, negative WPFE.
To be able to mediate these large WPFE errors, high levels of
upward reserves are required.
8This is the reserve capacity that covers the full range of wind power
forecast errors that could occur for a certain forecast: [−p∗, 1− p∗] (Fig. 2).
9The cut-out wind speed of a wind turbine is the maximal wind speed at
which a turbine can produce power. At higher wind speeds, the turbine is
forced to a standstill to avoid damage to the rotor.
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(b) Cumulative histogram and fitted distributions (cdf)
Fig. 5. The histogram, the fitted pdf and cdf for the 11th power bin. The β– and Gaussian distribution exhibit a comparable performance. The stable
distribution allows for the best fit. Note the asymmetry of the data: as the 11th power bin contains forecasts between 0.25 and 0.275 p.u., the error must be
in the interval [-0.275 p.u.,0.75 p.u.].
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Fig. 6. The stable distribution shows a notably better fit to the WPFE data compared to the Gaussian & β-distribution. Subfigure (a) shows the overall
probability density function (pdf). Subfigure (b) displays the overall cumulative probability density function (cdf). Note that the left tail of the empirical
distribution is only captured by the stable distribution. Subfigure (c) contains the pp-plot, showing the proposed (‘theoretical’) cdf versus the empirical cdf.
Subfigure (d) shows the qq-plot, plotting the theroretical quanitles (percentiles) of the fitted distributions against the empircal quantiles.
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Fig. 7. Upward (negative values) and downward (upward values) reserves per
power bin for DR levels between 50% and 99.9%. The dotted lines indicate
the reserve levels for a DR level of 100%. Higher reliability levels require
more reserves, but high reliability levels could be attained without scheduling
reserves for the full wind power capacity.
TABLE I
DESIGN AND ACTUAL RELIABILITY FOR RESERVES BASED ON THE
PROPOSED DISTRIBUTIONS.
DR Actual reliability
Gaussian β Le´vy α-stable
50 49.9444 50.9288 49.9152
60 60.0219 60.4808 60.1623
70 69.3615 69.6321 70.0344
80 78.8142 78.2440 80.1890
90 88.7171 87.0940 90.8213
95 93.3227 92.1071 95.7214
99 97.3856 97.1014 99.2792
99.9 98.9762 98.9539 99.7928
The proposed reserves should ensure the theoretical reli-
ability level they are calculated for. In Table I the design
reliability DR is compared with the actual reliability that the
reserves, as calculated from on the proposed distributions,
supply. To calculate the actual reliability, we use the forecasted
and measured wind power production from Elia N.V. [34].
Given the forecast, the required reserves are determined for
each time step. The actual reliability is then calculated as the
ratio of the number of time steps that sufficient capacity was
scheduled under the form of reserves to cover the observed
wind power forecast error versus the total number of samples
in the time series, in this case 58,407. As is evident from the
table, the design reliability levels DR are only reached for very
low reliability levels in case of the Gaussian (60%) and the β-
distribution (50% and 60%). For higher reliability levels, only
the stable distribution yields reserves that ensure the design
reliability. The reason behind this result is simple: as reliability
levels increase, the tails of the WPFE data become increasingly
important in the determination of the reserves. As only the
stable distribution captures this behavior, only this distribution
yields reserves adequate to reach the design reliability DR.
V. CONCLUSION & FUTURE RESEARCH
Wind power is one of the largest sources of renewable
electricity. This form of electricity production is however
characterized by a limited predictability. A correct description
of the wind power forecast error (WPFE) holds important
information for short term economical & operational (reli-
ability) studies in the field of wind power, as illustrated in
this paper via a probabilistic reserve calculation method. The
focus of this paper therefore is the development of a statistical,
distribution-based description of the WPFE. To this goal, the
relevant literature on statistical distributions used to model the
WPFE has been reviewed.
From the literature and own calculations, it has been shown
that WPFE data exhibits heavy tails. The Le´vy α–stable distri-
bution is proposed as an alternative description of the WPFE.
These distributions allow to model the skewness and kurtosis
observed in the WPFE data – in contrast to the Gaussian and
β-distributions currently proposed in the literature.
The performance of the Le´vy α–stable distribution is com-
pared to that of the Gaussian and the β-distribution in a case
study of the historical WPFE on the wind farms in the Belgian
power system. The analysis has shown that the Le´vy α–stable
distribution adequately captures the heavy tails of the WPFE
data, while the Gaussian and β-distribution fail to describe this
characteristic. The relevance of this statistical description of
WPFE data has been demonstrated via a probabilistic reserve
sizing method. In this method, reserves are calculated per
forecast power bin based on the fitted cumulative probability
density function. It was shown that only reserves calculated
from the Le´vy α–stable distribution yield reliability levels
equal to or greater than the desired reliability level of the
power system. The improved representation of the WPFE
allows researchers & industry to develop improved operational
models that reflect the heavy-tailed nature of the WPFE. This
can further facilitate the integration of wind power in the
power system through advanced operational techniques, such
as dynamic reserve levels and stochastic simulations.
This research may be further strengthened on the fol-
lowing fields. First, the procedure for the estimation and
optimization of the parameters of the distributions may be
improved, for example by employing a maximum likelihood
estimation method. Second, the presented reliability levels
are calculated from static comparisons of the historical wind
power forecast errors and the calculated reserves. Dynamic
simulations through an unit commitment and dispatch model
may result in other reliability levels due to e.g. the dynamic
limitations of the reserves. Moreover, we have assumed that
a certain reliability level should be reached, regardless of the
cost of that reliability. Further research may focus on more
cost-effective reserve sizing and allocation methods, balancing
the (expected) cost of lost load, curtailment of RES and the
reservation and dispatching cost of the reserves.
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